Abstract-A common goal of tumor sequencing projects is finding genes whose mutations are selected for during tumor development. This is accomplished by choosing genes that have more non-synonymous mutations than expected from an estimated background mutation frequency. While this background frequency is unknown, it can be estimated using both the observed synonymous mutation frequency and the non-synonymous to synonymous mutation ratio. The synonymous mutation frequency can be determined across all genes or in a gene-specific manner. This choice introduces an interesting trade-off. A gene-specific frequency adjusts for an underlying mutation bias, but is difficult to estimate given missing synonymous mutation counts. Using a genome-wide synonymous frequency is more robust, but is less suited for adjusting biases. Studying four evaluation criteria for identifying genes with high non-synonymous mutation burden (reflecting preferential selection of expressed genes, genes with mutations in conserved bases, genes with many protein interactions, and genes that show loss of heterozygosity), we find that the gene-specific synonymous frequency is superior in the gene expression and protein interaction tests. In conclusion, the use of the gene-specific synonymous mutation frequency is well suited for assessing a gene's non-synonymous mutation burden.
other genes, while not affecting a gene's importance to tumors. These biases include genomic sequence context, gene expression, distance from the transcription start site, and the timing of gene replication [1] , [2] . The factors mentioned here explain less than 40% of the mutation variation observed across genes [1] , indicating that there are still other factors to be discovered.
Given this dilemma, it is impossible to model the background frequency of non-synonymous mutations using the biases themselves. However, synonymous mutations are affected by the same biases that influence non-synonymous mutations, making it possible to use synonymous mutations as a proxy for bias influence. Given the non-synonymous to synonymous mutation ratio, the expected non-synonymous mutations can be estimated by counting the synonymous ones. This approach was used to evaluate the non-synonymous mutation burden significance for 623 genes from 188 lung adenocarcinomas [3] . In that analysis, the synonymous mutation frequency was determined in two ways. First, in a global approach, the frequency was found across all genes, and every gene's expected non-synonymous mutation count was derived from this constant frequency. Second, in a gene-specific approach, the synonymous frequency was found separately for each gene, allowing each gene's expected non-synonymous mutation count to be estimated using the gene's synonymous mutations. The global approach helps estimate frequencies for genes with under-sampled synonymous mutations, but it fails to capture individual gene biases. The gene-specific approach does account for these biases, but becomes problematic when a gene has no synonymous mutations. These two measures of non-synonymous frequencies, global and gene-specific, have never been compared to see which yields better lists of genes with significantly high non-synonymous mutations.
In this paper, we first examine mutation frequency biases resulting from gene expression, replication timing, and genomic context using the largest melanoma cohort to date. We show that unexpressed genes accumulate more mutations than expressed genes, and that late replicating genes have more mutations than early replicating genes. We also demonstrate that the genomic context hotspots that attract most melanoma mutations cause an increase in the number of synonymous mutations expected per gene.
Next, we address the benefits of using a gene-specific estimate of background mutation frequency over using an exomewide estimate. We use four criteria to evaluate genes deemed to have more non-synonymous mutations than expected by the two frequency estimates. We consider a gene a good cancer driver candidate if it is expressed in melanoma, has mutations at conserved positions, shows loss of heterozygosity (LOH), and has many protein interactions with other genes, indicating importance in multiple cellular pathways. Based on our criteria, we conclude that the gene-specific synonymous mutation frequency yields the best list of candidate driver genes.
II. RESULTS AND DISCUSSION
For this study, we used novel somatic mutations found by comparing exome-wide sequencing data from paired melanoma and normal skin or blood samples taken from 99 patients [4] . We searched for novel somatic mutations by ignoring variants catalogued in normal samples and dbSNPv135 [5] . For each sample, we surveyed roughly 22 megabases covering about 15 000 genes. Somatic non-synonymous mutations in each sample ranged from zero to nearly two thousand. Somatic synonymous mutations in each sample ranged from zero to just over one thousand.
A. Mutation Bias
Here we consider the mutation bias contributors gene expression, replication timing, and UV exposure. We show how these factors contribute to mutation bias by showing their correlation with mutation counts.
1) Gene Expression Bias:
Expressed and unexpressed genes were determined using RNA-Seq data from two normal melanocyte samples. Of the genes with synonymous mutations, 3281 genes were found to be expressed in normal melanocytes, while 3224 were not. As seen in Fig. 1 , expressed genes were found to have less synonymous mutations than unexpressed genes (t-test p-value 5e-11). This mutation bias is attributed in part to transcription coupled repair, where mutations are corrected as genes are transcribed.
2) Replication Timing Bias: During S phase of the cell cycle, genes are replicated at different stages. Replication timing is believed to have an effect on mutation rate [6] , with more variation appearing in late replicating genes than early ones. We gathered replication timing data from twelve cell types [7] , and found genes that were consistently replicated late or early across all cell types. In total we had 2081 early replicating genes and 258 late replicating genes with synonymous mutations. We found that late replicating genes had more synonymous mutations than early replicating genes (Wilcoxon test p-value 3e-16, Fig. 2 ).
3) UV Exposure Bias: UV mutagenesis causes mutations at cytosines in a dipyrimidine context ( , , , or ), leading to a UV exposure mutation signature in sun-exposed tumors [2] , [4] . We recreated this finding using somatic mutations taken from 61 sun-exposed tumors and 26 sun-shielded tumors (acral, mucosal, or uveal). Fig. 3 demonstrates that dipyrimidine mutations account for the majority of mutations in sun-exposed melanoma, while sun-shielded melanomas show less of a bias. The dipyrimidine mutation bias in sun-exposed tumors affects the types of amino acid mutations observed in melanoma. Five amino acids (F, I, K, N, Y) can never be mutated by dipyrimidine mutations. Since dipyrimidine transitions make up the majority of melanoma mutations, these five residues are not often mutated in melanoma, Fig. 1 . Gene expression mutation bias. Unexpressed genes have significantly more synonymous mutations than expressed genes (t-test p-value 5e-11). Genes with somatic synonymous mutations were classified into expressed and unexpressed gene sets of roughly 3000 genes. For each gene, the somatic synonymous mutation frequency was determined by dividing a gene's total somatic synonymous mutations by the gene's coding length. Boxplots of mutation frequencies were plotted for expressed and unexpressed genes to show the mutation frequency difference between the gene sets. Outliers were removed from both gene groups. The upper and lower box hinges correspond to the first and third quartiles, the horizontal line within the box corresponds to the median, and the vertical lines span the minimum and maximum expression values. Fig. 2 . Replication timing mutation bias. Genes with consistent late replication across tissues have significantly more synonymous mutations than genes with consistent early replication (Wilcoxon test p-value 3e-16). Genes with somatic synonymous mutations were classified into sets of 2081 early replicating genes and 258 late replicating genes. For both of these groups we determined the frequency of somatic synonymous mutations found per gene. As in Fig. 1 , we show boxplots of mutation frequencies to illustrate the synonymous mutation load difference between early and late replicating genes. Boxplots are formatted as in Fig. 1. and a gene enriched in these immutable residues will be biased to have a lower non-synonymous mutation frequency than other genes.
As the ratio of non-synonymous to synonymous mutations (NS:SN) is important for calculating the significance of the Fig. 3 . UV exposure mutation bias. UV light causes a specific mutation at cytosines in a dipyrimidine context. In sun-exposed melanomas, most of the somatic mutations (SNVs) are caused by UV exposure. Sun-shielded melanomas do not show this UV mutation bias. observed number of non-synonymous mutations for a gene, we consider how UV exposure changes NS:SN for melanomas from sun-exposed body sites. Fig. 4 shows that UV induced dipyrimidine mutations decrease NS:SN relative to what is expected from a random dipyrimidine cytosine mutation. This is because dipyrimidine mutations result in a higher frequency of synonymous mutations than do other dipyrimidine cytosine mutations. Fig. 5 demonstrates that increasing the fraction of immutable residues in a gene lowers NS:SN for dipyrimidine mutations. The exome-wide distribution of NS:SN resulting from all possible dipyrimidine mutations is shown in Fig. 6 . The mean NS:SN is 1.67. Table I shows NS:SN for selected genes implicated in melanoma as well as long genes. Ranking genes by NS:SN, and running Gene Set Enrichment Analysis [8] , showed that genes with high NS:SN were involved in collagen formation, RNA processing, and extracellular matrix organization (Table II) . Genes with low NS:SN were involved in olfactory signaling, G protein activity, and voltage gated channel activity. These differences in gene NS:SN are important to consider as we next discuss using them to estimate expected non-synonymous mutation counts for genes.
B. Using Synonymous Mutations as a Proxy for Mutation Bias
Having demonstrated that synonymous mutations are influenced by mutation biases, we now survey different methods for incorporating synonymous mutation counts into the gene burden mutation model to address these biases. We limit our analysis to 61 sun-exposed tumors because sun-shielded tumors have few mutations, and might have a different tumor biology.
In the assessment of non-synonymous mutation burden for a gene, a binomial test is used to gauge the significance of a gene's non-synonymous mutations given the gene's length, and the expected frequency of non-synonymous mutations for the gene. The expected non-synonymous mutation frequency is found using the non-synonymous to synonymous mutation ratio (NS:SN), and a frequency of synonymous mutations. NS:SN is found by simulating mutations across the genome, and recording NS:SN observed in total, and for individual genes. The expected non-synonymous mutation frequency for a gene is then estimated using the frequency of synonymous mutations accumulated across all genes, or the frequency of synonymous mutations for the gene in question. We address the question of which frequency is better by introducing three alternative methods, and evaluating their performance based on tumor gene expression, loss of heterozygosity (LOH), conservation of amino acids involved in mutations, and connectivity in the human protein interaction network.
We tested three approaches for finding genes with significant non-synonymous mutation burden. The Simple approach acted as a baseline measure, and did not attempt to correct for mutation biases. In this method, all non-synonymous mutations were assumed to occur at the same frequency. We derived this frequency by multiplying the exome-wide non-synonymous to synonymous mutation ratio (NS:SN) by the exome-wide synonymous mutation frequency. For each gene, we found the probability of its non-synonymous mutation count given the expected non-synonymous mutation frequency and its length.
Our second approach is the Context method. This method differs from the Simple method because it attempts to correct for mutation biases caused by gene expression and UV exposure. We divided the genome into three genomic contexts, and split genes into expressed and unexpressed groups, as described in the methods section. For each of the six combinations of genomic context and expression status, we derived a synonymous mutation frequency using mutations across the exome. To determine the significance of a gene's non-synonymous mutation count, we assessed the probabilities of non-synonymous mutations in each of the three genomic contexts, and combined probabilities using Fisher's combined probability test. As in the Simple method, probabilities were determined given the expected frequency of non-synonymous mutations and the gene's length. Unlike the Simple method, expected non-synonymous mutation frequencies and gene length were context specific, and each expected non-synonymous mutation frequency was determined by multiplying the context specific non-synonymous mutation frequency by the gene's context specific NS:SN.
The Context approach does not account for mutation frequency differences between genes that are not covered by gene expression or genomic context. Our final approach, the Gene method, addresses this problem by using a gene-specific synonymous mutation frequency where appropriate. The Gene method is identical to the Context method, except that the expected non-synonymous mutation frequency is estimated using the gene's context specific synonymous mutation frequency. When a gene has no synonymous mutations for a genomic context, the global synonymous mutation frequency is used.
In the remainder of this section, we demonstrate that the Gene method performs best, according to four criteria. We find that using this method to determine genes with more non-synonymous mutations than expected produces a gene list that has most genes expressed in tumors, indicating that the mutations in these genes are relevant to tumor development. We also find that genes picked by this method have more protein interactions than genes picked by the other methods.
1) Gene Expression Evaluation:
Genes that are not expressed in tumors are unlikely to have mutations under selection, so gene lists with a higher fraction of expressed genes are more correct. We determined gene expression status based on microarray data from a panel of fifteen melanomas. Fig. 7 shows that genes from the Gene method have the highest expression. Genes selected by the Context method have higher expression than those from the Simple method, indicating that correcting for mutation biases due to gene expression and genomic context produces a better gene list. The Gene method outperforms the Context method because it corrects for mutation biases other than genomic context and gene expression. Fig. 7 . Expression evaluation. We found candidate cancer driver genes with more non-synonymous mutations than expected using three methods. The resulting gene lists were compared based on gene mean expression from RNA-Seq data taken from multiple tumors. Gene lists with higher expression were considered more correct. Boxplots are formatted as in Fig. 1 . Fig. 8 . LOH evaluation. We found candidate cancer driver genes with more non-synonymous mutations than expected according to each of the three methods. The resulting gene lists were compared based on the fraction of a gene's non-synonymous mutations that were in LOH across the samples. Gene lists with higher percentages of mutations in LOH were considered more correct. Boxplots are formatted as in Fig. 1 .
2) Loss of Heterozygosity Evaluation:
Our second comparison of candidate driver gene lists uses LOH. When most of a gene's mutations are in LOH, it is likely that the gene plays a role in cancer. For each candidate driver gene, we determined the fraction of non-synonymous mutations where the mutation is homozygous, and the gene is in an LOH region for the sample. Fig. 8 compares LOH mutation percentages for the results obtained using the three methods. The Gene method performs slightly worse than the other two methods when comparing median values, but some of its genes have the highest fraction of mutations in LOH.
3) Conservation Evaluation: For a third comparison, we examined the conservation of the residues at each driver gene's non-synonymous mutation positions. We assumed that a higher Fig. 9 . Conservation evaluation. We found candidate cancer driver genes with more non-synonymous mutations than expected according to each of the three synonymous mutation frequencies. For each driver gene, we compared the mean of phyloP scores at non-synonymous mutations to the mean phyloP score across the gene using the ratio of the foreground non-synonymous mutation mean to the gene background mean. High ratios indicate that the gene is more likely to be a cancer driver. Boxplots are formatted as in Fig. 1 . Fig. 10 . Interaction degree evaluation. We found candidate cancer driver genes with more non-synonymous mutations than expected according to each of the three methods. For each gene, we found the degree of the gene to be the number of interacting proteins the gene's product had. For each gene list, we made boxplots of gene degree. Genes with a high degree are better candidate cancer drivers. Boxplots are formatted as in Fig. 1. conservation of a residue indicated more importance to the protein, and considered a gene with non-synonymous mutations at mostly conserved residues to be more relevant to driving tumor development than a gene with little conservation at its non-synonymous mutant residues. To evaluate mutant conservation for each gene, we compared the mean non-synonymous mutation phyloP score to the mean phyloP score for the whole gene. Fig. 9 shows gene-wise ratios of the mean mutation score to the mean score for gene lists from each method. No method stands out as the best.
4) Protein Interaction Evaluation:
For a final test, we gathered protein-protein interactions from the Human Protein Reference Database [9] to assess the connectivity of genes in the human interactome. Genes with many protein interactions were assumed to be important for cancer. Fig. 10 shows that genes produced by the Gene method had the highest median connectivity.
III. CONCLUSION
To accurately find genes important to tumor development, we need robust models of mutation to find genes with more mutations than expected. Developing these models is difficult due to the mutation biases that are both tumor type specific and common across all cancers. Here we demonstrated that mutation bias can be captured by synonymous mutation frequencies, relieving the modeler from accounting for all types of mutation bias. We showed that finding the expected number of non-synonymous mutations using synonymous mutation counts can be accomplished by using a gene-specific frequency, or a global frequency for all genes. We demonstrated that the gene-specific method produces the best gene list by delivering genes with 1) higher expression and 2) more interactions with other genes. We advocate the use of this gene-specific method when each gene has many synonymous mutations, but acknowledge that small sequencing projects will need to fall back on the global method when most genes are without synonymous mutations.
IV. METHODS AND DATA

A. Paired Tumor and Normal Samples
The melanoma tumors were from different patients and were excised to alleviate tumor burden. Specimens were collected with participants' informed signed consent according to Health Insurance Portability and Accountability Act (HIPAA) regulations with a Human Investigative Committee protocol. The melanomas used for sequencing were from snap-frozen tumors or from short-term cultures [10] . Most of the melanoma cells were collected after 0-4 passages in culture, except for one sample that was collected after 14 passages in culture.
Whole exomes were enriched from genomic DNA by the solution-based SeqCap EZ Exome Library capture method following the manufacturer's protocols (Roche/NimbleGen) at the Yale Center for Genome Analysis as follows. DNA was sheared by sonication and adaptors were ligated to the resulting fragments. The adaptor-ligated templates were fractionated by agarose gel electrophoresis and fragments of the desired size were excised. Extracted DNA was amplified by ligation mediated PCR, purified, and hybridized to the SeqCap EZ Exome Library v1.0 using the manufacturer's buffer. Hybridized DNA was pulled down with Streptavidin beads and amplified by ligation-mediated PCR. The resulting fragments were purified and subjected to DNA sequencing on the Illumina platform. Captured and non-captured amplified samples were subjected to quantitative PCR to measure the relative fold enrichment of the targeted sequence. Captured libraries were sequenced on the Illumina Genome Analyzer (GA) IIx, and on the Illumina HiSeq 2000, as 75 bp paired-end reads, following the manufacturer's protocols. Image analysis and base calling was performed by Illumina pipeline version 1.6 and 1.7 with default parameters.
B. Melanoma Somatic Mutation Calling
We used exome sequence data from 99 matched tumor/ germline pairs for the automated calling of somatic mutations. We started by determining novel mutations that occurred in the tumors. For the matched samples, we used sequencing of germline DNA to distinguish between somatic and inherited variants. We used the human reference genome GRCh37/hg19 for mapping Exome-Seq and RNA-Seq data. The RefSeq sequence database downloaded from NCBI on 2011-5-12 was used as our gene model and for determining amino acid substitutions.
The following procedure was used to call melanoma sequence variations: Reads were first trimmed based on their quality scores using the program BTrim [11] . The reads were then mapped against the reference genome using bwa [12] . SAMtools version 0.1.8-11 (r672) [13] was used for PCR duplicate removal and mutation calling. Annotations of mutations were performed with MU2A [14] . Annotation files were checked for adjacent pairs of mutations affecting the same codon. If present, sequencing reads were scanned for occurrence of both mutations on a single allele, and the amino acid change was predicted based on the simultaneous mutations. Mutations were filtered according to the quality criteria: 1) mutant allele frequency of at least 13%; 2) SAM tool mapping score of at least 40; 3) at least one forward and one backward read; 4) a minimum coverage of 4 mutant and 8 total reads at the variant position; and 5) uniform mapping of reads with the variant allele across the mutation locus. Mutations were further filtered based on presence in repositories of common variations (dbSNP135 and 2577 non-cancer exomes sequenced at Yale). Novel mutations were classified into somatic and inherited variations as follows: we first called the tumor mutation, and then used sequencing data in a matched germline DNA sample to determine the presence or absence of variant reads at the same position. The mutation was called somatic in the absence of variant reads in the germline DNA samples, tolerating one mutant read in normal, and expecting a sufficient variant to total read ratio in tumor and normal as assessed by the Fisher's exact test (p-value threshold of 0.001).
C. Loss of Heterozygosity
LOH regions were determined for each tumor/normal paired samples individually. First, heterozygous genomic positions in the normal sample were identified using the mutant allele frequency. A position whose mutant allele frequency was not significantly different from 0.5 according to the binomial test was considered heterozygous. For heterozygous normal positions, the corresponding tumor mutant allele frequency was tested for homozygosity using the binomial test. This resulted in a set of genomic locations with binary states: heterozygous in normal and tumor, and heterozygous in normal, but homozygous in tumor. The R Bioconductor DNAcopy package [15] was used to split these states into continuous segments representing tumor regions with and without LOH.
LOH regions were further filtered by treating each LOH region as one genomic location, and accumulating the mutant allele frequency for the LOH region. This combined mutant allele frequency was tested using a binomial test to ensure that it was significantly different from the expected 0.5 heterozygous mutant allele frequency.
D. Microarray Gene Expression
Whole genome gene expression was derived from hybridization to NimbleGen human whole genome expression microarrays. Array analysis was performed on 15 melanomas [16] . Data from the array analysis were used to identify expressed genes in melanomas. Genes with a median expression value of 550 and above were called expressed. These expression data were used to assess the performance of the three gene burden methods presented here.
E. RNA-Seq Gene Expression
RNA-Seq was performed on two independent cultures of two normal human melanocytes cultures derived from newborn foreskins and adult skin. Total RNA was extracted using Trizol (Invitrogen) followed by DNase digestion and Qiagen RNeasy (Qiagen, Valencia, CA) column purification following the manufacturer's protocol. The RNA integrity was verified using an Agilent Bioanalyzer 2100 (Agilent, Palo Alto, CA). One microgram of high-quality RNA was processed using an Illumina RNA-Seq sample prep kit following the manufacturer's instructions (Illumina, San Diego, CA). Final RNA-Seq libraries were sequenced at 75 bp/sequence using an GAIIx Illumina sequencer. Reads were processed with TopHat and SAMtools. Mapping was performed against the reference genome. Reads were counted in bins of 100 basepairs, and normalized with regard to the median. To calculate the expression value for a particular RefSeq transcript, we determined the transcript exon boundaries, and summed up all bin read values for bins within the boundaries. The transcript length-normalized, and log-transformed value was used as the measure of gene expression. A two component Gaussian mixture model was fit to the data, and a lower bound for expressed genes was chosen as two standard deviations away from the higher distribution mean. The RNA-Seq data were used to identify expressed genes in normal melanocytes for the gene burden analysis.
F. Replication Timing
Replication timing data were taken from the ENCODE Repli-seq tracks provided by the University of Washington [7] . We used the percent signal files of both replicants from the following cells: Bj, Bg02es, Gm06990, Gm12801, Gm12878, Helas3, Hepg2, Huvec, Imr90, Mcf7, Nhek, Sknsh. For early replication values, we used cell cycle stages G1b and S1. For late replication values, we used S4 and G2. For each gene and cell type, we found the log ratio of the average replication activity for early and late stages. We considered a gene to replicate early if the ratio was positive for all cells and all replicants. Similarly, a late replicating gene had a ratio that was consistently negative across all cells and replicants.
G. Mutation Burden Analysis
To calculate a list of significantly mutated genes, i.e., genes with more mutations than expected by the background mutation frequency, we modified a recently established protocol [3] . We used the non-synonymous:synonymous (NS:SN) mutation ratio to estimate the non-synonymous background mutation frequency. This estimate is then used to determine whether some observed number of non-synonymous mutations in a gene is above the expected count. We also used insights into melanoma-specific mutation patterns to calculate mutation frequencies based on sequence contexts, and on expression of the gene locus. We measured an increase in mutation frequency when studying unexpressed versus expressed genes, and observed that most mutations occur at cytosines in the dipyrimidine context, as described before [2] . This led us to calculate the non-synonymous background mutation frequencies separately for expressed and unexpressed genes, and separately for the three following sequence contexts: mutating Cs at dipyrimidines, 2) mutating Cs at non-dipyrimidines, and 3) mutating Ts, which stand for, respectively, mutations in cytosines with a flanking pyrimidine, mutations in cytosines without a flanking pyrimidine, and mutations in thymines with no restriction on the flanking bases.
We found expected context specific non-synonymous mutation frequencies using context specific NS:SN ratios and synonymous counts, and performed, for each gene, and for each context, a binomial test for whether the observed non-synonymous mutations in a gene are explained by the expected estimate, receiving three distinct and independent p-values for each context. We then use the Fisher's combined probability test to generate an overall p-value measuring whether the number of non-synonymous mutations in a gene is more than expected.
We estimated gene-specific NS:SN ratios in each of the three contexts. We proceeded as follows: we first identified all bases in a particular gene that are positioned in the context C under consideration. We then performed an in-silico experiment where we mutated each base and recorded whether the change resulted in a non-synonymous change or not. The resulting ratios between non-synonymous and synonymous changes were weighted according to the observed frequencies for a particular base change. The frequencies for each base change, in each context, were calculated from the frequencies of the observed synonymous and non-synonymous base changes, with the exception of non-synonymous changes in the top 100 mutated genes, which may be enriched for driver mutations. The top 100 genes were determined by dividing the number of observed somatic mutations by the gene length, and ranking of the resulting ratios. We determined an overall NS:SN ratio, across the three contexts, and across all genes, of 1.93 in sun-exposed melanomas.
The final gene burden ranks were matched against similar ranks that were generated by excluding the top 5% of mutated samples, in order to ensure robustness of the results. Only genes that were ranked high in both lists were retained.
